Background: Ovarian cancer (OC) is the most deadly gynaecological cancer, contributing significantly to female cancer-related deaths worldwide. Improving the outlook for OC patients depends on the identification of more reliable prognostic biomarkers for early diagnosis and survival prediction. The various roles of long non-coding RNAs (lncRNAs) in OC have attracted increasing attention. This study aimed to identify a lncRNA-based signature for survival prediction in OC patients. Methods: RNA expression data and clinical information from a large number of OC patients were downloaded from a public database. These data were regarded as a training set to construct a weighed gene co-expression network analysis (WGCNA) network, mine stable modules, and screen differentially expressed lncRNAs. The prognostic lncRNAs were screened using univariate Cox regression analysis and the optimal prognosis lncRNA combination was screened using a Cox-PH model. The finalised lncRNA combination was used to construct the risk score system, which was validated and assessed for effectiveness using other independent datasets. Further functional pathway enrichment was performed using gene set enrichment analysis (GSEA). Results: A co-expression network was constructed and four stable modules with OC-related biological functions were obtained. A total of 19 lncRNAs significantly related to prognosis of ovarian cancer were obtained using univariate Cox regression analysis, and the 5 prognostic signature lncRNAs GAS5, HCP5, PART1, SNHG11, and SNHG5 were used to establish a risk assessment system. The reliability of the prognostic scoring system was further confirmed using validation sets, which indicated that the risk assessment system could be used as an independent prognostic factor. Pathway enrichment analysis revealed that the network modules related to the above five prognostic genes were significantly associated with cell local adhesion, cancer signaling pathways, JAK-STAT signalling, and endogenous cell receptor interaction. Conclusions: The risk score system established in this study could provide a novel reliable method to identify individuals at high risk of OC. In addition, the five prognostic lncRNAs identified here are promising potential prognostic biomarkers that could help to elucidate the pathogenesis of OC.
Background
Ovarian cancer (OC) is the most deadly gynaecological cancer and a primary cause of female cancer-related deaths worldwide, with recurrent OC being incurable in almost all cases [1, 2] . Due to the mild or absent signs and symptoms during early stages and the lack of reliable early detection tests, OC is usually diagnosed at the late stages, leading to poor prognosis and a five-year survival rate of only 30% [3, 4] . Therefore, a deeper understanding of its regulatory machinery at the molecular level is critical to identify reliable prognostic biomarkers for early diagnosis and survival prediction in OC patients.
Long non-coding RNAs (lncRNAs) are a group of non-coding RNAs longer than 200 nucleotides. Growing bodies of evidence have demonstrated the involvement of lncRNAs in OC, with at least 56 OC-related lncRNAs having been identified so far [4] . LncRNAs exhibit multiple biological functions during the various stages of OC development, and their deregulated expression is closely associated with OC early diagnosis, prognosis and response to chemotherapy [4] [5] [6] [7] [8] [9] . Some lncRNAs, such as NEAT1 and GAS5, have been identified as clinical prognostic biomarkers, and are being used as potential therapeutic targets for OC [10] [11] [12] . Although previous studies have made remarkable progress, the prognostic roles of lncRNAs in OC and the related underlying mechanisms remain poorly characterized. Further research efforts are needed to identify, characterize, and elucidate the detailed functions of lncRNAs at the molecular level, and to identify more lncRNAs related to the prognosis of OC.
Recently, models for disease risk prediction and subsequent prognostic evaluation have attracted increasing interest from researchers, as it has become clear that the pathogenesis of most diseases is mediated by multiple, rather than single genes [13] [14] [15] [16] . Risk assessment tools can help to estimate the probability that an individual with a given set of risk factors will develop a disease of interest, as well as detect high-risk populations for a given disease [15, 16] . So far, such risk assessment tools have been widely applied to the clinical prediction of various cancers [15, 17, 18] , resulting in the identification of several expression-based lncRNA signatures as risk assessment tools for OC [3, 6, 9, 19] . However, as the risk assessment tools for OC are still limited, more research is necessary to more exhaustively establish a set of reliable tools for risk prediction.
In the present study, RNA expression data and clinical information from a large number of OC patients were downloaded from a public database, and a co-expression network was built to excavate network modules with OCrelated biological functions. LncRNAs in stable functional modules were identified as important factors associated with OC. Combined with the clinical survival and prognostic information of OC samples; we identified a molecular lncRNA combination, which was significantly associated with OC prognosis. Based on these prognosticrelated lncRNAs, a prognostic risk assessment model was constructed to identify significant differences between high-risk and low-risk prognostic samples. The reliability of the model was validated using the clinical survival and prognostic information of OC samples in independent validation datasets.
Methods

Data sources
The mRNA-seq expression profiles of OC in the training dataset were downloaded from the TCGA database (https://portal.gdc.cancer.gov/). A total of 419 ovarian cancer samples were detected by the Illumina HiSeq 2000 RNA sequencing platform. For the validation datasets, we first used the key word "ovarian cancer" to search all publicly uploaded expression data in the NCBI GEO (http://www.ncbi.nlm.nih.gov/geo/) database. The following criteria were then used for inclusion into the single validation datasets: 1) all data contained gene expression profiles; 2) detection objects were solid tumour tissues from patients with OC, exclusive of blood and cell lines; 3) expression profiles were all from human subjects; and 4) the sample number was no less than 40. The two final datasets GSE32062 and GSE17260 satisfied all the requirements, and included 260 and 100 samples, respectively.
Data pre-processing
The downloaded data were pre-processed before further analysis. For the data downloaded from the TCGA database, normalisation was performed using the quantile standardization method of pre-process Core version 1.40.0 package [20] in R3.4.1 language (http://bioconductor.org/packages/release/bioc/html/preprocessCore.html). Next, lncRNAs were annotated using Ref_seq and Transcript_ID of the annotation platform and aligned by Blast to human genome sequences (GRCh38 version) using Clustal2 [21] (http://www.clustal.org/clustal2/). Finally, lncRNAs and their corresponding expression values were calculated [19] .
For the expression profiles with CEL original format, data were converted into expression values using the oligoversion 1.41.1 package [22] in R3.4.1 language (http:// www.bioconductor.org/packages/release/bioc/html/oligo. html). Missing data were supplemented with median values, followed by background correction using MAS methods and normalisation using quantile methods. For the expression profiles with. TXT original format, data were log 2 transformed and normalised using the median standardization method in limma version 3.34.0 [23] in R3.4.1 language (https://bioconductor.org/packages/release/bioc/html/limma.html).
Selection of stable modules using WGCNA
Weighed gene co-expression network analysis (WGCNA), a bioinformatics algorithm for construction of co-expression networks, is commonly used to identify modules associated with diseases and consequently screen important pathogenic mechanisms or potential therapeutic targets [24] . A co-expression network was constructed using the WGCNA version 1.61 package [25] in R3.4.1 language (https://cran.r-project.org/web/packages/WGCN A/index.html) based on the TCGA datasets.
WCGNA analysis needed to satisfy the prerequisite of scale-independent network distribution. Hence, the appropriate weight parameter β (power) of the adjacency matrix needed to be selected to ensure the constructed co-expression network approached the scale-free distribution to the greatest extent. With 1~20 of β value ranges, the linear model was established by logarithms of the adjacency degree of a node (log k) and the appearance probability of this node [log(p(k))]. The β parameters were the square values of R coefficients. A higher R 2 value indicated that the network was closer to the scaleindependent distribution. The β (power) value when R 2 was approximately 0.9 for the first time was finally chosen for further analysis. All genes were ranked according to their expression values using a rank function. Then, the correlation between each pair of datasets of the three expression profiles (TCGA, GSE32062 and GSE17260) was evaluated using the verboseScatterplot function and RNA adjacency matrix to construct an RNA correlation matrix. This matrix was used as the basis to build the hierarchical clustering tree using the criteria of a cut height of 0.99, and the involvement of at least 200 RNAs per module. Finally, the userListEnrichment function was used to identify stable modules associated with OC using the criteria of a Z-score greater than 5. The lncRNAs in the stable modules were defined as those significantly associated with OC.
Construction of the risk prediction model
The lncRNAs associated with prognosis were further identified by univariate Cox regression analysis of the survival package in R3.4.1 language. A P value less than 0.05 obtained by the log-rank test was chosen as the threshold for identification. Next, the optimal combinations of prognostic-related lncRNAs were screened using the Cox-Proportional Hazards (Cox-PH) model [26] based on L1-penalised regularization regression algorithm of the penalised package [27] in R3.4.1 language (http://bioconductor.org/packages/penalised/). The optimized parameter "lambda" in the screening model was obtained by 1000 cyclic calculations using a cross-validation likelihood (CVL) algorithm. Based on the regression coefficient of each lncRNA in the optimal lncRNA combination, lncRNA expression weighted by these coefficients was used to establish the risk prediction model, from which the risk score (RS) of each sample was obtained. The RS calculation formula was as follows:
Validation of the risk prediction model
In order to validate the risk prediction model, GSE32062 and GSE17260 were used as single validation sets. Datasets meeting the following criteria were selected as independent validation datasets: 1) all data contained gene expression profiles; 2) detection objects were solid tumour tissues from patients with OC, exclusive of blood and cell lines; 3) expression profiles were all from human subjects; 4) samples had prognostic clinical information and 5) the sample number was no less than 50. This led to the selection of the three microarray datasets GSE49997, GSE26712, and GSE31245 containing 204, 185, and 58 samples, respectively. We also downloaded the mRNAseq expression profiles of cervical cancer (CESC) samples with the corresponding clinical information data from TCGA to further validate the efficiency of the risk prediction model. Of 309 samples that were downloaded, 293 had clinical information available and were therefore used for validation. The risk-score model was used to assess significant prognostic differences between high and low risk groups, with the results determining the stability of this established model.
Analysis of important lncRNA relevant pathways
Gene sets were isolated from the modules that contained the optimal lncRNAs significantly associated with OC prognosis. The GSEA (gene set enrichment analysis) method [28] (http://software.broadinstitute.org/gsea/index.jsp) was then used to identify KEGG pathways enriched in these optimal lncRNA-related gene sets. The GSEA-based pathway enrichment analysis was performed on each lncRNA counter-gene in the lncRNA-mRNA network. Three key statistical values were used in this analysis. The first of these, the enrichment score (ES), is the original result of the GSEA analysis, reflecting the degree of enrichment of one functional gene set locating at the anterior or posterior of this gene sequence after all the hybridization data are ordered. The fundamental calculation principle is to scan the collating sequence; when a gene of this set is prepared, the ES value will increase, otherwise it will decrease. The second key statistical value is the normalised enrichment score (NES) that results from standardized processing of ES values. The final statistical value is the nominal P value, which describes the statistical significance of the enrichment scores of a functional gene subset; a smaller P value indicates a better degree of gene enrichment. When the NES absolute value increases, the P value will spontaneously decrease, suggesting a higher degree of enrichment and a higher significance of the result. In this study, a P value less than 0.05 was chosen as the threshold to screen KEGG pathways that were significantly enriched in the relevant module genes.
Results
Screening of stable modules significantly correlated with OC using WGCNA One dataset from TCGA and two datasets from NCBI GEO (GSE32062 and GSE17260) containing RNA expression data for OC were used for analysis. We identified 13, 251 mRNAs and 646 lncRNAs overlapping in the three datasets (TCGA, GSE32062, and GSE17260). TCGA expression data was used as the training set and the remaining two datasets were regarded as validation datasets. First, the consistency of the expression values of the overlapped RNA in the three datasets was checked. The results indicated that the correlation distribution of RNA expression levels between each pair of datasets was higher than 0.9 with P values less than 1e
, suggesting that all three sets displayed significant positive correlation (Fig. 1) .
WGCNA analysis was further conducted to screen stable modules associated with OC. The β (power) value of 3 was chosen as this was its value when R^2 was approximately 0.9 for the first time (Fig. 2a) . This value of the β parameter not only ensured that the network connection was close to the scale-free distribution, but was also the minimum threshold to give the curve a tendency to be smooth. When the β value was equal to 3, the RNA average connection degree in the network was 3 (Fig. 2b) , conforming to the small-world network character in scale-independent networks. An RNA adjacency matrix was constructed and a hierarchical clustering tree was built on basis of this matrix.
Based on the criteria of a cut height equal to 0.99 and an involvement of at least 200 RNAs per module, six modules were identified; M1-blue, M2-brown, M3-green, M4-grey, M5-turquoise, and M6-yellow (Fig. 3a) . The corresponding modules were partitioned in the single validation datasets GSE32062 (Fig. 3b) and GSE17260 (Fig. 3c) , based on their inclusive RNA in the training set (TCGA) to evaluate the stability of modules selected from the training set. The results of the partition and correlation of modules in the TCGA dataset are displayed in Fig. 4 . It was found that RNA in the same modules (i.e. dots with same colour) tended to aggregate together (Fig. 4a) , indicating that RNA in the same module had similar expression. The clustering results of module RNA in the other two datasets indicated that the blue, brown and green modules exhibited characteristics of independent branches (Fig. 4b) .
The results of stability analysis on the above six modules showed that the stability scores (preservation Zscore) of the blue, yellow, brown and green modules were all higher than 5, whereas those for the gray and turquoise modules were not. RNAs included in these four stable functional modules were likely associated with OC pathogenesis. Table 1 lists the functional annotation information of the six modules, showing that RNAs in the top four highly stable modules were mainly involved in cellular immune response, cell adhesion, sexual reproduction, and the cell cycle.
The corresponding clinical information of samples in the TCGA dataset was integrated and the correlation between RNA obtained by partitioning in each module and clinical factors was calculated (Fig. 5) . The results showed that the four highly stable RNA modules brown, yellow, blue and green were significantly correlated using OC data including stage, grade, radiotherapy, lymph node metastasis, and recurrence. Therefore, a total of 33 lncRNAs in the four highly stable modules which were enriched for 
Establishment and evaluation of risk assessment model Selection of optimal lncRNA combinations
We used Cox univariate regression analysis (with the regression threshold P set at 0.05) to evaluate the expression levels of the 33 lncRNAs within the stable modules of the TCGA dataset with regard to the OC sample clinical prognosis information. This resulted in the identification of 19 prognostic related-lncRNAs (Table 2) .
Next, we optimized and screened the 19 OC prognostic-related lncRNAs using a Cox-PH model based on an L1-penalised regularization regression algorithm in the penalised package, in which the value of the "lambda" parameter was obtained by 1000 cyclic calculations using a CVL algorithm. This resulted in an optimal prognosis combination containing 5 lncRNAs: GAS5, HCP5, PART1, SNHG11 and SNHG5 (Table 3) .
Construction, evaluation and selection of risk prediction models
Based on the corresponding Cox-PH regression coefficients of the optimal combination of 5 lncRNAs obtained in the previous section, the prediction model of sample risk scoring was established as follows:
The RS of each sample in the training set (TCGA) was calculated according to the constructed model. These samples were divided into high-and low-risk groups based on the scoring medians. Next, Kaplan-Meier survival curve analysis was used to examine the significant differences in survival time between the two sample groups. The result indicated that this model had an excellent distinguishing effect on the sample groups (p value < 0.01) (Fig. 6 and Fig. 7) ; therefore we used this model for subsequent analyses.
As shown in Fig. 7 , the prediction model also displayed significant differentiation effects on samples of the GSE32062 and GSE17260 datasets included in the WGCNA analysis (P value < 0.05). The stability of this model was further validated by the independent validation datasets GSE49997, GSE26712, and GSE31245, as well as the CESC data from TCGA exclusive of any processing (including module discovering and survival analysis). The model displayed significant differentiation effects for all these validation sets, indicating a high robustness of this prediction model. Taken together, the above results show that the 5 lncRNAs comprising the key components of this risk prediction model (GAS5, HCP5, PART1, SNHG11, and SNHG5), were significantly associated with OC prognosis, and form a stable combination for distinguishing high-and low-risk prognostic samples, as well as other unprocessed samples.
Network construction and functional pathway analysis
The previous analysis identified the 5 important OCrelated lncRNAs; GAS5, HCP5, PART1, SNHG11, and SNHG5. These five lncRNAs were distributed in the blue, green, and yellow stable modules discovered by the WGCNA method. The mRNAs closely related to the expression of these five lncRNAs can be found in these modules, and may be the target genes of these key lncRNAs (Fig. 8) .
GSEA was used to perform pathway enrichment analysis of these mRNAs. This showed that the network modules related to the 5 prognostic genes were significantly associated with cell local adhesion, cancer signalling pathways, JAK-STAT signalling, and endogenous cell receptor interaction (Table 4) .
Discussion
OC is the most deadly gynaecological cancer and a primary cause of female cancer-related deaths worldwide, yet the regulatory machinery underlying OC development remains unclear. Increasing evidence has identified The first column is the number of module, the second column is the color corresponding to each module, the third column is the number of RNA in each module, the fourth column is the number of mRNA in each module, the fifth column is the number of lncRNA in each module and the sixth column is the preservation z-score corresponding to the stability of each module. The higher the z-score, the higher the stability of the module. Z-score between 5 and 10 means the module has stability and z-score > 10 means the module has high stability. The seventh column is the GO functions of each module lncRNAs in multiple biological functions at various stages of OC development, and deregulated expression of lncRNA is closely associated with OC early diagnosis, prognosis, and response to chemotherapy [4] [5] [6] [7] [8] [9] . To identify a novel lncRNA-based signature for predicting prognosis of OC patients, RNA expression profiling data and clinical survival prognosis information from a large number of OC patients were downloaded from the public database. A co-expression network was subsequently constructed and modules with OC-related biological functions were excavated. As a bioinformatics algorithm for construction of coexpression networks, WGCNA is commonly used to identify modules associated with diseases and consequently screen important pathogenic mechanisms or potential therapeutic targets [24] . So far, gene modules associated with several cancers have been identified and validated through co-expression network analysis [29] [30] [31] . In the present study, six modules were obtained in the training set, four of which (blue, yellow, brown, and green) displayed high stability. The results of functional annotation analysis showed that RNAs in these four highly stable modules were mainly involved in cellular immune responses, cell adhesion, the cell cycle, and sexual reproduction, indicating their likely association with OC pathogenesis.
Prognostic genes are informative for cancer prognosis and treatment because of their potential as biomarkers, and can help to predict patients' survival, as well as providing insights into the molecular mechanisms of tumour progression [31] [32] [33] [34] [35] . In the present study, WGCNA analysis identified a total of 33 lncRNAs in the four stable modules with relevant biological functions and correlation with specific clinical factors of OC. Based on the expression level of these 33 lncRNAs in the TCGA dataset and the clinical prognostic information of the samples, a short-list of 19 lncRNAs were screened using univariate Cox regression analysis. Finally, an optimal prognosis combination containing 5 lncRNAs (GAS5, HCP5, PART1, SNHG11, and SNHG5) was identified using a Cox-PH model. Considering that risk assessment tools can help to detect high-risk populations for a disease [15] , the present study establishes a new risk assessment system based on the above prognostic gene signature. The effectiveness of the RS model was tested in both the training set and validation sets, and the results indicated that the risk assessment tool could successfully distinguish a population at high risk of future OC development. This method is simple and inexpensive enough to be used in normal clinical practice and mass screening. Compared with the previous lncRNA signatures and RS models for OC [3, 6, 9, 19] , the present prognostic lncRNA combination and RS model may be more reliable because they were screened based on the WGCNA analysis instead of single differential gene analysis.
The five prognostic genes have all been reported to be associated with human cancer, and three (GAS5, HCP5, and SNHG11) have reported associations with OC. GAS5 (growth arrest-specific transcript 5) was originally isolated from NIH 3 T3 cells using subtraction hybridization [36] . The latest studies demonstrated that GAS5 usually functions as a tumour suppressor to control apoptosis of various cancer cells, including breast cancer, prostate cancer, renal cell carcinoma, and ovarian cancer [12, [37] [38] [39] . Furthermore, GAS5 acts as tumour suppressor and has been suggested as a potential target for diagnosis and therapy of OC [12] . HCP5 (HLA Class I Histocompatibility Antigen Protein P5) is localised in the major histocompatibility complex (MHC) class I region and has involvement in the development of various tumours including OC [40] [41] [42] [43] . SNHG11 (small nucleolar RNA host gene 11) is an obesity-associated lncRNA, and is involved in positive regulation of cell proliferation in OC [44] . PART-1 (prostate androgen regulated transcript 1) is a gene known to be predominantly expressed in the prostate-and androgen-regulated. Its aberrant expression has been associated with poor prognosis of prostate cancer, nonsmall cell lung cancer, and colorectal cancer, leading to the suggestion of its use as a novel tumour marker [45] [46] [47] . SNHG5 (small nucleolar RNA host gene 5) has been strongly implicated in cancer-related processes, such as cell differentiation, cell proliferation, and metastasis [48] [49] [50] . The strong evidence of the association of all five lncRNAs with cancer and/or OC supports the conclusion that this study identified potential biomarkers for predicting the prognosis of OC patients, which should also help future research into the pathogenesis of OC. It has been demonstrated that lncRNAs play important roles in a variety of biological processes by regulating target genes at transcriptional, posttranscriptional and epigenetic levels [51, 52] . Therefore, we investigated the target genes regulated by the 5 prognostic lncRNAs to decipher their potential biological function in the pathogenesis of OC. The result of pathway enrichment analysis showed that the network modules related to the five prognostic genes were significantly associated with cell local adhesion, cancer signalling pathways, JAK-STAT signalling, and endogenous cell receptor interaction. According to functional analyses of lncRNA regulators, it was found that low expression of GAS5 could promote proliferation, metastasis, and infiltration of OC cells, and as a result, was considered to be associated with poor prognosis of OC [11, 12] . Most of the mRNAs in the regulated pathway are associated with the development of OC. For example, upregulation of RASSF5 expression can inhibit the growth of OC cells [53] , over-expression of FZD3 can increase the survival time of OC patients [54] , and inhibition of MMP9 gene expression can block metastasis of ovarian cancer cells [55] . Therefore, the five prognostic-related lncRNAs identified in the present study may play roles in the initiation and development of OC by regulating genes involved in cell adhesion and the JAK-STAT signalling pathway.
Although the independent validation performed in this study and the results of previous reports both indicate that the present model should be effective, there are limitations of the present study. Primarily, as this was an extensive bioinformatics study based on previously published data, our results should be further validated using in vitro and in vivo models. However, our results form a strong basis for other researchers to carry out the relevant future research.
Conclusions
In conclusion, our study constructed a co-expression network and excavated four modules with specific biological functions related to OC. A risk assessment tool for predicting prognosis of OC was further identified and validated based on the expression of 5 prognostic genes. The present risk assessment tool could provide a novel reliable method to identify individuals at high risk of OC, and the 5 prognostic genes could be promising prognostic biomarkers for OC. 
